The development of care pathways is increasingly becoming an instrumental artefact towards improving the quality of care and cutting costs. This paper presents a framework that incorporates Simulation Modeling along with Machine Learning (ML) for the purpose of designing pathways and evaluating the return on investment of implementation. The study goes through a use case in relation to elderly healthcare in Ireland, with a particular focus on the hip-fracture care scheme. Initially, unsupervised ML is utilized to extract knowledge from the Irish Hip Fracture Database. Data clustering is specifically applied to learn potential insights pertaining to patient characteristics, care-related factors, and outcomes. Subsequently, the data-driven knowledge is utilized within the process of simulation model development. Generally, the framework is conceived to provide a systematic approach for developing healthcare policies that help optimize the quality and cost of care.
INTRODUCTION
Corollary 1 Public health refers to the art and science of detection and prevention of disease, extending life and promoting health and well-being, through organized efforts and informed choices of society, public and private, communities, and individuals (Wanless 2004) .
The above definition illustrates a well-rounded picture of how healthcare services are delivered in complex environments involving many actors and various levels of operation. Further challenges are increasingly raised by population ageing and its impact on health or social policies. All this imperatively calls for developing patient-centred healthcare strategies. In this respect, Modeling and Simulation (M&S) presents as an effective decision support approach that allows stakeholders to conduct experimental scenarios. Royston (1999) emphasized the significance of computer simulation as an alternative to 'learning by doing' or empirical research methods. In this sense, Pidd (2004) described the model as a vehicle for experimentation, which turns into a tractable surrogate of the actual system being modelled for cheaper and safer manipulation.
The literature is replete with studies that applied M&S to a multitude of issues pertaining to the healthcare context. This paper discusses the design and evaluation of care pathways (CPs). We present a framework to provide guidance on the design, development, and evaluation of architectures for pathwaysbased coordination of care. The focus is placed on the design and evaluation of architectures that treat patients as agents interacting with systems or services coordinated using health information networks and electronic medical records. Success in this direction can contribute to the universal goal of optimising healthcare systems in terms of curbing costs while maintaining or improving care quality. The framework builds upon previous work developed by (Zeigler and Sarjoughian 2013; Zeigler 2016) . The basic addition is to include Machine Learning (ML) as an assistive artefact to support the development of simulation models. In particular, we consider the use of unsupervised ML techniques to gain insights into identifying the population at risk, and developing early intervention care schemes. As an example, this paper applies a use case in relation to the hip fracture treatment in Ireland.
BACKGROUND AND METHODOLOGY
This section provides a basic background that sets the scene for the rest of the paper. Initially, the concept of CPs is overviewed. Subsequently, we present a framework for designing CPs that extends the earlier work by (Zeigler 2016) as elaborated in the ensuing discussion.
Care Pathways
CPs were described as a method for the care management of a well-defined group of patients during a welldefined period of time (De Bleser et al. 2006) . Generally speaking, CPs consist of algorithms (usually informally presented as a flow chart with conditional branching) that delineate the overall structure of decision-making for treating a specific medical condition. The aim of CPs is to enhance the quality of care across the continuum by improving risk-adjusted care outcomes, promoting patient safety, increasing patient satisfaction, and optimizing the use of resources (Vanhaecht 2007) . As acknowledged in literature (e.g. Pearson et al. 1995; Every et al. 2000; Vanhaecht et al. 2010) (De Bleser et al. 2006) . In light of that concept analysis provided by (De Bleser et al. 2006) , an all-inclusive definition of CPs was formulated by the European Pathway Association (EPA 2018) as follows: Definition 1 A care pathway is a complex intervention for the mutual decision making and organisation of care processes for a well-defined group of patients during a well-defined period.
Since their introduction in the 1990s, CPs have become widespread in healthcare management (Pearson et al. 1995) . A comprehensive analysis of 27 studies compared outcomes and costs for hospitals that used CPs with those that do not (Rotter et al. 2010) . It appeared that the use of CPs was correlated with benefits in reduction of in-hospital complications, decreased length of stay (LOS), and decreasing hospital costs. Another large-scale study for knee surgery found reduction in LOS and avoidance of treatment complications for hospitals using CPs (Husni et al. 2010 ). However, not all studies indicate the successful application of CPs. For instance, (Rotter et al. 2010 ) noted that although the use of pathways tended to improve documentation, poor reporting, nevertheless, prevented the identification of characteristics common to application of successful pathways. (Shi et al. 2008 ) enumerated eight types of factors that can influence results. They consider factors in terms of three aspects as follows:
 CP Design: Inclusion of all participating disciplines, applicability to intended medical conditions, flexibility incorporated in pathway specification.  CP Execution: Training of participants, continuous improvement, psychological influences, computer-support.  CP Evaluation: Consideration of multiple factors.
A Framework for Designing and Evaluating Care Pathways
Recent interest in computerization of CPs has stimulated a considerable work in treatment of pathways from the perspectives of computer science and software engineering. Zeigler (2016) presented a framework for modeling the architectures of coordinated care. The framework included components that facilitate assessing their interactions, efficacies, and costs in combination. The framework conceived coordination as a layer added to the health information technology (HIT) linking patients with the healthcare system.
Zeigler's view considered CPs as a mathematical system model that is being designed and manipulated to support re-engineering an existing real-world clinical process. This allows for taking a systemsengineering approach in which the system is modelled and simulated before being implemented in reality (i.e. operationalised in a hospital environment). The framework approach takes the following phases:
1. Generate target population of appropriate physical, behavioural and socioeconomic characteristics. 2. Track patients through system with and without coordination of care. 3. Evaluate cost of coordination as addition to total cost. 4. Evaluate improvement in outcome and effect on reduction in total cost. 5. Compute Return on Investment (ROI) = Cost saving per dollar of coordination cost.
The framework was practically applied in a use case to evaluate the ROI of pathway-based intervention in low birthweight pregnancies . The work presented in this paper attempts to extend Zeigler's framework by including a component for incremental learning from data. Healthcare is delivered in data-rich environments where sheer amounts of data are created in patient records at the population and individual levels. ML can therefore present as a key enabling factor to avail of such data repositories to provide insights for cost cutting, care improvement, or identifying the population at risk.
In this regard, our viewpoint is that unsupervised ML can suitably serve the purpose of knowledge elicitation at early stages of problem formulation. Unsupervised techniques (e.g. clustering, rule mining) can be employed during conceptual modelling as an assistive artefact to help conceptualise the structure or behaviour of the healthcare system. For example, data clustering can be utilised to discover significant structures or patterns, which would represent an abstraction of the actual healthcare system under study. This can in turn reflect on the simulation model used to design the architecture of coordinated care. A key point addressed by the extended framework is the role of incremental learning. The framework aims at training and fitting ML models on an accumulative basis, rather than a one-off process. The idea of incremental learning is predicated on the premise that new conditions (i.e. system states) are being continuously captured in timely snapshots of data and added up to a repository representing the accumulated system knowledge. In this manner, ML models can be iteratively trained to learn about possible updates in the actual system.
EXAMPLE: COORDINATION OF HIP FRACTURE CARE IN IRELAND
A use case is provided in this section. The following segments elaborate the case setting, and the development of simulation and ML models. The main goal here was to provide a practical scenario where simulation models can be designed or guided in concert with knowledge learned from ML as proposed by the conceptual framework.
Overview of the Healthcare System in Ireland
Simulation studies should start with understanding the actual system, gathering data, and organizing information pertaining to the problem of interest (Law 2007) . Likewise, in the ML context the CRISP-DM framework (Shearer 2000) , for example, sets the perception of business and data as the initial crucial stage in the process of data mining. In this sense, this section delivers a basic background of the healthcare system in Ireland, and its underpinning components.
Starting with an outlook on the population, the implications of ageing continue to be a matter of considerable concern for care delivery in Ireland. The Health Service Executive (HSE) reported in 2014 that the increase in the number of people over 65 is approaching 20K per year (HSE 2014). Population ageing is therefore expected to have profound impacts on a broad range of economic and social areas.
In response to the foreseeable challenges, the healthcare system has been undergoing a substantial reform based on a phased strategy since 2012. The fundamental goal of the reform is to transition the healthcare system towards the integrated delivery of healthcare services. The integrated care approach has been adopted to improve healthcare services regarding accessibility, quality and user satisfaction. As described by (Gröne and Garcia-Barbero 2001) , integrated care is a concept that brings together inputs, delivery, management and organisation of services related to diagnosis, treatment, care, rehabilitation and health promotion. Figure 2 sketches the development phases towards realising integrated care. The transitional arrangements included structuring the Irish healthcare system into nine geographic regions named as Community Health Organisations, commonly referred as CHO. The CHOs can be likened to the Accountable Care Organisations (ACO) in the US healthcare system (Gold 2015) . Similar to the ACOs, the establishment of CHOs focuses on providing coordinated care for patients, such that they get the right care at the right time. To put it in more detailed words, the CHOs are aimed to serve as integrated service areas that can deliver better, more integrated and responsive services to people in the most appropriate setting. Figure 3 shows the geographic boundaries of the designated CHOs. 
Our Focus: Hip Fracture Care in Ireland
In this study, we present a use case focusing on developing pathways for hip fracture care in Ireland. In general, hip fractures are a major cause of injuries and morbidity among the elderly. In this regard, numerous studies (e.g. Cooper et al. 1992; Melton 1996) recognized hip fractures to be exponentially increasing with age.
In Ireland, it was reported that around 3K people sustain hip fractures annually (Dodds et al. 2009 ). Specifically, the rates of the total population (aged 50 years and over) were estimated as 407 and 140 per 100K for females and males respectively. Further, the accelerating population ageing could be partly responsible for increasing those rates in the future.
From an economic perspective, hip fractures represent a significant burden on the Irish healthcare system. According to the HSE, hip fractures are considered as one of the most serious injuries that result in lengthy hospital admissions and high costs as well (HSE 2008a) . The average LOS was reported as 12.7 days, and more than two-thirds are usually discharged to long-stay care facilities after surgery. Moreover, about 80% of the patients are over 75 years old, which increases the possibility of being susceptible to further complications (HSE 2008b) . In view of that, the incidence of hip fractures represents a major concern to healthcare in Ireland, which calls for the development of effective care instruments (e.g. care pathways) in order to meet the foreseen challenges.
Data Description
The Irish Hip Fracture Database (IHFD) is the main source of our data. The IHFD repository was developed to serve as the national clinical audit that captures care standards and outcomes for hip-fracture patients in Ireland. The IHFD archives abundant information about the patient's journey from admission to discharge. Specifically, a typical patient record includes 38 data fields about a variety of information including patient characteristics (e.g. gender, age), and care-related factors (e.g. LOS). A thorough explanation of the data fields is available via the official data dictionary (HIPE 2015). We acquired a dataset that covered three years from January 2013 to December 2015 including about 8K records with a specific focus on elderly patients aged 60 and over. It is worth mentioning a couple of points. First, the dataset was not evenly divided up among the CHOs. It turned out that the CHOs along the eastern side of the country included the largest part of the patient records. Other areas such as CHO1, CHO2, and CHO4 had relatively less number of records in the dataset. Second, a single patient may have been related to multiple records in case of recurrent fractures. However, we were unable to estimate the proportion of such recurrent cases, whereas records were fully anonymised for the purpose of privacy.
Unsupervised Machine Learning: Discovering Patient Clusters
Clustering was generally defined as the segmentation of a heterogeneous population into a number of more homogeneous subgroups (Aldenderfer and Blashfield 1984) . As such, the IHFD records presented a good opportunity to realize the grouping of patients from a data-driven viewpoint. The attempt was to group patients based on the similarity of characteristics, care-related factors, and outcomes. The clusters could help explore the similarities and differences between entities (i.e. patients) that compose the system under study. The following sections briefly summaries the data pre-processing procedures, and clustering experiments. A detailed presentation of those aspects would go beyond the scope of this study.
Selected Features
Initially, the clustering model included LOS and age as features. More features could be extracted from the dataset, which are related to quality standards as reported by the British Orthopaedic Association (Darowski 2007) . In this respect, two quality measures could be captured from the IHFD dataset as follows:
 All patients should be admitted to an orthopaedic ward within 4 hours of presentation.  All patients should have surgery within 48 hours of admission.
Our intuition was that those factors could have an influence on care outcomes, and they can therefore serve as candidate features in the clustering model. Both could be derived based on the date/time values of patient arrival, admission and surgery. In this way, two more features were added named as 'Time to Admission (TTA)' and 'Time to Surgery (TTS)'. However, the TTA was subsequently excluded as it contained a significant amount of missing values. The min-max normalisation method was used, where all features were linearly scaled to the [0, 1] interval.
Clustering Experiments
The clustering model was implemented using the K-Means algorithm with the number of clusters (K=2:5). Initially, the quality of clusters was examined based on the within-cluster sum of square (WSS). Initially, it appeared that three or four well-detached clusters that could best separate the patient groups. To further investigate cluster modularity, the clusters were projected using the Principal Component Analysis (PCA). The clusters were transformed into two dimensions with PCA, as plotted in Figure 4 . Each sub-figure represents the output of a clustering experiment using a different number of clusters (K). With K=2, the output indicated a promising tendency of clusters, where the data space is obviously separated into two big clusters. Similarly, when K=3 the clusters are still well-separated. However, the separation of clusters started to decline when K=4 onwards. Thus, it turned out eventually that there were three clusters that divided the dataset into coherent patient cohorts. The experiments were run using the Azure ML Studio. The general characteristics of clusters are briefly presented in Table 1 . The table compares clusters in terms of average age, gender distribution, and other care-related factors (e.g. LOS and TTS). 
Learning Insights from Clusters
Initially, the clusters were inspected with respect to the potential impact of TTS on LOS. The inpatient LOS is of significant concern in healthcare as a measure of care outcomes (Englert et al. 2001) . From an operational standpoint, the LOS was considered as a valid proxy to measure the consumption of hospital resources (Faddy and McClean 1999) . Further, it was also reported that the LOS largely accounts for the cost of hip fracture care (Johansen et al. 2013) . Exploring clusters revealed that the patients of Cluster2 tended to have a relatively wider dispersion of the TTS compared to Cluster1 and Cluster3. Interestingly, Cluster2 patients also experienced longer LOS compared to Cluster1 and Cluster3, which shared a very similar distribution of the TTS and LOS variables. Subsequently, the age structure of clusters was explored. Generally, there is a strong emphasis on the patient age in elderly care schemes. In this respect, the possibility of sustaining hip fractures is expected to increase significantly with age (Melton 1996) . Figure 6 plots the variations of age with respect to the three clusters. On one hand, it can be observed that only Cluster1 and Cluster2 included all the patients aged 80 or over, while Cluster3 contained only patients aged less than 80 years. We now demonstrate how the knowledge learned from the ML experiments can be utilized within modeling the healthcare process. The data-driven knowledge was used to reflect on the structure and behavior of the care journey model in different respects as follows. Initially, a System Dynamics (SD) model was built representing the three clusters of patients. In particular, the model was disaggregated into three stocks corresponding to the clusters of patients. Furthermore, the auxiliary variables were decided based on the cluster analysis conducted before. For instance, the first and second clusters were set to undergo the same TTS delay (i.e. TimeToSurgery1), while the third cluster was assigned a different delay (i.e. TimeToSurgery2).
Similarly, the inflow of elderly patients was structured based on the age variation within clusters. Both of the first and second patient clusters were modelled to include more elderly patients (i.e. aged 80-100), while the third cluster was associated with less elderly patients (i.e. aged 60-80). This reflected the age groups within the patient clusters. In general, the SD model can be used to provide projections of hipfracture patients discharged with a focus on different patient characteristics, and care-related outcomes. Figure 7 illustrates the cluster-based SD model. 
Modeling Care Coordination at Patient-Level
Subsequently, we model a finer-grained perspective of the care journey while considering patients as entities, rather than aggregate populations. In this manner, each patient could be treated individually in terms of characteristics (e.g. age, gender, type of fracture etc.), and care-related factors (e.g. TTA, TTS etc.). The discrete-event or agent-based modeling would be more suitable in this regard. The model can also be used to produce a realistic sequence of events within the care journey, as sketched in Figure 8 .
Along with the patient journey, points of care coordination are simulated where a change of the process can take effect. Specifically, Figure 8 highlights two components as (Coordination of Care) and (Evaluation). The coordination component initially aims at care intervention including identifying population at risk, implementing early assessment tests as a pre-emptive strategy for reducing the number of admissions. For patient cases, the coordination focuses on the implementation of care standards towards reducing the TTS to be within 48hrs from admission. The cost of coordination and the improvement in outcomes are reported to the Evaluation component where the ROI is eventually computed. We deeply believe in that viewpoint stated above. The healthcare arena can substantially be transformed by advances in our capabilities to understand and model healthcare systems. M&S presents as a pragmatic method for understanding the complex dynamics underlying healthcare systems towards devising policies for care improvement. It is hoped for the framework presented in this paper to contribute in that direction within the context of developing care pathways. Further, the paper touched on a methodological prospect by integrating M&S with ML. The study suggested that ML can be utilised as an assistive artefact within the process of conceptual modeling. Through a practical example, it was demonstrated how insights learned from data clustering could be used effectively to conceptualise the system's structure or behaviour. In a broader context, we conceive that ML can play a key role in tandem with M&S to help address more complex sets of analytical questions.
